Taking capital, manpower, and natural resources as inputs, regional GDP as expected output, and industrial pollution as undesired output, this study measures the ecological efficiency of various regions in China through the Global-Malmquist model. The results show a trend of an initial sharp decline in ecological efficiency followed by a gradual increase in the time dimension, but there is no significant correlation in the spatial dimension. Using the gravity model to quantify the attractiveness of the regions' capital and human resources for collaborative innovation, it estimates the impact of collaborative innovation on eco-efficiency through the system-Generalized Method of Moments (GMM) model. The results show that technological innovation capital in other regions has a negative "U" relationship with local ecological efficiency, while scientific and technological innovation human resources have a positive "U" relationship. In addition, government financial support in science and technology and the ecological efficiency of the previous period serve as promoting factors of the current local ecological efficiency, while the introduction of foreign technological innovation is likely to inhibit improvements in ecological efficiency. Based on these findings, this study puts forward corresponding policy recommendations for local governments to advance their development agendas alongside their environmental priorities in line with their specific circumstances.
Introduction
In the context of weak global economic recovery, currently, ecological environment and technological innovation are the two most important themes in global development [1, 2] . On the one hand, the computer and information technology revolution has greatly promoted the transformation of human society, politics, and culture and has caused the global economy to explode, making people think that technological innovation is an important way to mitigate the impact of the current economic crisis [3] . Countries around the world strive to establish national means for China and India to improve the eco-efficiency of the cement industry. Sarkis and Cordeiro measured the combined ecological and technical efficiency of the 437 largest fossil fuel power plants in the United States and evaluated whether innovation contributes to joint technology and environmental performance improvements, considering that innovation has a direct impact on the organization's technological and ecological environment [38] . Gómez-Limón et al. considered that low technical efficiency is the main cause of low ecological efficiency when analyzing the ecological efficiency of olive farms in Andalusia, Spain [39] . Arabi et al. found that the eco-efficiency that emerged during the restructuring of the Iranian power industry was mainly due to technological advancement [40] . Sun et al. believe that green technology innovation not only improves the efficiency of energy and natural resource utilization, but also enhances the eco-economic efficiency of strategic emerging industries [41] . Hu et al. believe that the adoption of advanced technology can significantly improve the ecological efficiency of China's sewage treatment plants [42] . After analyzing the agricultural eco-efficiency in Shandong, China, Deng and Gibson believe that promoting agricultural technology development according to the specific conditions of different regions is an important method to improve agricultural eco-efficiency [43] . At the regional level, Li and Hu measured the energy efficiency of ecological factors in 30 provinces and cities in China based on the SBM model and found that the ratio of R&D expenditure to GDP promoted the improvement of ecological efficiency [44] . Yu et al. argued that the technical effect is a positive factor affecting ecological efficiency in the study of China's ecological efficiency and economic decoupling [45] . Yin et al. believe that technical and financial support will enhance the eco-efficiency of China's provincial capitals based on the differences in each city [46] . Huang et al. measured regional eco-efficiency changes in China and believed that China's western region should strengthen technological progress to contribute to the overall improvement of national ecological efficiency [47] . Yang and Zhang argued that technological progress is a determining factor in improving China's regional eco-efficiency when analyzing the factors affecting China's regional eco-efficiency [48] . Bai et al. analyzed the relationship between urbanization and urban eco-efficiency, and believed that the improvement of technology level will effectively promote the improvement of urban ecological efficiency [49] . In measuring the total factor ecological productivity of the Yangtze River Economic Belt in China using an ecological distance function and analyzing its influencing factors, Xing et al. found that the improvement of total factor ecological productivity was mainly driven by technological progress [50] . Tu et al. assessed the impact of Chinese public participation on environmental technology efficiency and believe that enterprises' increased investments in science and technology will form a mutually beneficial development of economic and ecological efficiency based on the analysis of eastern China [51] . Yu et al. verified that technological progress is a key enabler of eco-efficiency in a comparative study of prefecture-level cities in China [52] . Yu et al. found that the technical stagnation in 2008 was the main reason for the narrowing of the regional ecological efficiency gap [53] . Wang et al. found that technological progress has the most positive impact on energy eco-efficiency when exploring the influencing factors of energy eco-efficiency in Guangdong Province, China [54] . Zhou et al. also believe that technological innovation has the greatest impact on ecological efficiency in Guangdong Province [55] . Sun and Loh believe that government support and increased investment in technology can improve eco-efficiency in China [56] . Wang et al. analyzed China's environmental regulation, resource mismatch and ecological efficiency, and believe that technological innovation is crucial for improving ecological efficiency [57] .
The above research shows that collaborative innovation is an important innovation model in the face of resource constraints and also confirms the role of innovation in promoting eco-efficiency, but, in general, the studies do not link collaborative innovation with eco-efficiency. In an analysis of regional industrial eco-efficiency in China, Yu et al. proposed that strengthening regional exchanges and cooperation can promote the improvement of ecological efficiency [58] . Will inter-regional collaborative innovation then promote local ecological efficiency? How will it happen? In this study, the regional ecological efficiency of China is measured by the Global Malmquist -Luenberger model, and the level of collaborative innovation between regions is quantified by the gravity model. Finally, the mechanism of collaborative innovation on ecological efficiency is analyzed.
Measurement of Ecological Efficiency

Global Malmquist -Luenberger model
Data Envelopment Analysis, DEA, considers the alternative possibilities between different natural resources and emissions and does not require subjective judgments on weights [59] . Therefore, DEA can measure the ecological efficiency of different regions to help the government find the optimal solution to protect the environment and improve ecological efficiency [60] . Since the scientific and technological spillovers from other regions absorbed by geographical, economic, and technological distances in each province are dynamic, the ecological efficiency calculated in this study should also be able to dynamically meet the mutual correspondence of various variables in the regression equation. The Malmquist model analyzes ecological efficiency from the input-output perspective, indicating that a larger total output can be obtained through the same factor input level in the previous period and reflecting the dynamic incremental level of total factor production [61] . Based on the traditional Malmquist model, Chung et al. constructed the Malmquist-Luenberger model according to the shortage function [62] of Luenberger [63] , which can solve the problem of unproductive output efficiency evaluation. However, there may be no solution to linear programming, and problems such as transitibility and additivity may not be encountered in the Malmquist-Luenberger model [64] . In addition, Oh constructed the Global Malmquist-Luenberger model to overcome these shortcomings [65] . The Global Malmquist-Luenberger model first constructs a global frontier of the production probability sets through the envelope method:
where, Pt is a set of production possibilities in the t period. It is assumed that the decision-making unit (DMU) with a sample size of n uses I kinds of production inputs, of which the data set is
 , to produce O kinds of expected outputs, of which the data set is
 , and simultaneously produces U kinds of undesired outputs, of which the data set is
 . Thus, the global directional distance function can be obtained:
where, γ is the value of the directional distance function of the t period with the goal of maximizing expected output and minimizing undesired output, while ) , ( b y g g is the direction vector. Therefore, the directional distance functions can be abbreviated as
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From the above equation, it can be found that the relative change rate index
the total factor productivity from t to t+1 can be decomposed into the technical efficiency change index 1 + t t GEC and the technological progress index 1 + t t GTC . According to Oh's method, the current directional distance and global distance function values of the t period can be obtained by solving the following two types of linear programming problems. Subsequently, the value of
Indicator selection
In accordance with the related research [66] [67] [68] , this study selects indicators from three aspects of human resources, capital, and natural resources to reflect the input of ecological efficiency and divides output into expected output and undesired output. Expected output is measured by regional GDP, while undesired output is characterized by industrial solid waste, waste gas, and wastewater, as shown in Table 1 . Also, the fixed assets stock is calculated by the perpetual inventory method, in accordance with Wang et al. [69] . The data of each indicator comes from the China Statistical Yearbook (2004-2018), which covers 30 provinces, municipalities and autonomous regions in mainland China (excluding Tibet, Hong Kong, Macau, and Taiwan due to data loss and statistical caliber), and the time span is from 2003 to 2017. 
Analysis of changes in ecological efficiency
Based on Formulas (1)-(5), the MI index of eco-efficiency in each region of China was measured by Max DEA Pro software, and the four years of 2004, 2009, 2013, and 2017 were selected for spatial visualization, as shown in Figure 1 . During the measurement period, the ecological efficiency of various regions in China showed a trend of a significant decline and then a slow increase. In 2004, eco-efficiency values of 17 regions were above 0.9, accounting for more than half of the total, and 5 regions had eco-efficiency values below 0.7. Only one province, Liaoning, had an ecological efficiency value below 0.5. In 2009, the number of regions with eco-efficiency values above 0.9 sharply reduced to 7, while nearly half of the regions were in the range of [0.8, 0.9], and the eco-efficiency of 6 regions were below 0.5. In 2013, regional eco-efficiency improved overall, with values greater than 0.9 in 11 regions and reductions in 4 regions with eco-efficiency values between 0.5 and 0.9. In 2017, regional eco-efficiency was further improved, and the number of regions with eco-efficiency values above 0.9 increased to 13. The number of regions with eco-efficiency values below 0.5 decreased to 4. From a specific regional point of view, the eco-efficiency levels of four of the provinces, such as Guangxi, have been stable above 0.9, while the eco-efficiency of Liaoning has consistently been below 0.5 throughout the measurement period.
The ecological efficiency levels of Beijing, Jiangsu, and Guangdong have increased rapidly, while the ecological efficiency of Heilongjiang has shown a cliff-like decline. From the perspective of agglomeration, the ecological efficiency of the eastern region is higher, and the ecological efficiency of the western region shows a downward trend, while the ecological efficiency of the central region is stable. However, the overall spatial correlation is not strong. The reason for the above changes in China's ecological efficiency may be that the period prior to 2009 was the fastest period of China's economic development. During that time, economic development efforts were more focused on the increase in expected output, ignoring the resources consumed and the environmental pollution generated. After 2009, due to the global economic crisis and the deterioration of the ecological environment (especially the decline in air quality), China has paid more attention to improving the quality of economic development and has also strengthened its ecological protection policies, thereby achieving the continuous improvement of regional ecological efficiency. Then, does the regional innovation resource network accumulated by China during the period of rapid economic development promote the improvement of ecological efficiency? This study will analyze this issue from the perspective of collaborative innovation.
The Influence Mechanism of Collaborative Innovation
The development of regional collaborative innovation mainly depends on the flows of R&D capital and personnel. The R&D personnel level in different regions can be characterized by the full-time equivalent of R&D personnel for the region, while the R&D capital level is generally reflected by the R&D capital stock. The R&D capital stock can be calculated through the internal expenditure of regional R&D activities [70] , and the formula is:
In Formula (6), the R&D stock Kt of the t period is equal to the product of the R&D stock Kt-1 and 1-φ at the t-1 period plus the internal expenditure of the current R&D activity, I, while φ represents the depreciation rate, which is 15%. The R&D stock K0 of the base period can be expressed as:
In Formula (7), I0 is the internal expenditure of R&D activities for the base period, and g is the average growth rate of R&D activities during the measurement period, while φ is the depreciation rate. The data for the full-time equivalent of R&D personnel and internal expenses of R&D activities are derived from the China Science and Technology Statistical Yearbook.
In order to explore the impact of collaborative innovation on the change in ecological efficiency, this study measures the spatial correlation of ecological efficiency change y in each year through the Moran' I index. The results show that there is no significant correlation between ecological efficiency changes in various regions, but there is a significant spatial correlation between regional innovation capital k and human resources l, as shown in Table 2 . So how does collaborative innovation affect the change in ecological efficiency? This study uses the gravity model and the system GMM model to carry out specific calculations. 
Gravity model
The gravity model can reflect the relationship of economy [71] , ecology [72] , and technological innovation [73] between various regions and can also measure the strength of spatial connections [74] . In order to reflect the ability of inter-regional science and technology flows, this study draws on Wang and Liu's research [75] and constructs a gravity model from two aspects: R&D capital flow and R&D personnel flow. The gravity model of R&D capital flow can be expressed as:
In Formula (8) , considering that R&D capital has the characteristics of "profit-for-profit," the R&D capital attraction FCij of region i from region j is equal to the ratio of the product of the profit margin level, ratei, and the above-scale enterprises of region i and the R&D stock Kj of region j, to the squared term of the regional distance, d 2 . G is the gravitational constant and generally takes a value of 1. Then, the overall R&D capital attractiveness of the region i, FCi, can be expressed as the sum of the attractiveness of R&D capital in each region:
Accordingly, the gravity model of R&D personnel flow can be expressed as:
In Formula (10), the attraction of the R&D personnel of region i from region j, FLij is equal to the ratio of the product of the average wage level of region i, wagei, and the full-time equivalent of the R&D personnel of region j, Lj, to the squared term of the regional distance, d 2 . Then, the overall R&D personnel attraction FLi in region i can be expressed as the sum of the attractiveness of the R&D personnel in each region:
Due to the particularity of innovation activities, the existing research has different values for d, and different value methods have their own advantages. In this study, geographical, economic, and technical distances are used to calculate the values, and the standardized averaged values of these three are used to characterize the distance d between regions.
Geographic distance d 1 . Geographic distance is the most direct data point to characterize the physical distance between two places, which can objectively reflect the spatial distance between them. Geographic distance can be reflected by the linear distance, road distance, railway distance, or time distance between the two places. However, road distance, railway distance, and time distance between locations are not same in different years due to road construction, high-speed railway construction, and aircraft route setting, and this may lead to statistical errors. Therefore, this study selects linear distance to reflect the geographical distance. The specific operation is to calculate the linear distance between the provincial capitals through their latitude and longitude coordinates [76] , and the data is derived from the National Basic Geographic Information System's 1:4×10 6 terrain database.
Economic distance d 2 . The quality of economic development ultimately affects the spillover level and absorption capacity of innovation activities in different regions through a series of methods, such as infrastructure and education. When the economic gap between two regions is small, the innovation activities of the two regions are more likely to spill over into each other and be absorbed, but it is difficult for two regions with a large economic gap to realize the same. Referring to Wang and Xu's research [77] , the economic distance between two places can be expressed as:
The economic distance between region i and region j is the absolute value of the average per capita GDP (pc gdp) of each year. Therefore, the greater the economic gap between two places, the more difficult it is for innovation activities to spill over and be absorbed.
Technical distance d 3 . Similar to economic distance, the greater the gap in technology between two places, the more difficult it is to achieve the absorption and spillover of innovation between them. Conversely, the closer the technical level, the easier it is for the two places to learn from each other. However, in contrast to economic distance, the technology gap also involves the similarity of technology between the two places. Therefore, this study simplifies Liu and Shan's measurement method of technical distance and characterizes the technical distance [78] by the authorized quantity of three patents: invention patent, utility patent, and design patent: (15) The technical distance between region i and region j is the difference between the number of k (k=1, 2, 3) kinds of patent grants, f, in the periods. When the technical structure of the two places is more similar, d 3 is closer to 1, and closer to 0 if less similar. The technical gap in the same region is 0, so this study calculates the reciprocal of the technical distance and then subtracts 1.
The above data on per capita GDP and various patents are from the China Statistical Yearbook.
System GMM model
Regional ecological efficiency changes are not spatially significant (as shown in Table 2 ), but they are affected by the degree of ecological efficiency changes of different periods in the region. Therefore, this study does not use the spatial econometric model, but instead, adopts the system GMM model considering the impact of the lag period of ecological efficiency change. In this study, the ecological efficiency change y of each region is taken as the explanatory variable, and the R&D capital and personnel's absorptive capacity, FK and FL, respectively, are used as the core explanatory variables. Considering that the impact of innovation resources on changes in ecological efficiency may be non-linear, the squared terms of FK and FL are also used as core explanatory variables. In addition, this study also uses the first-phase lag term L.y of eco-efficiency changes as the core explanatory variable, as previous results tend to reflect a certain impact on the latter period, and the eco-efficiency changes in various regions are likely to experience hysteresis effects due to the inertia of regional eco-efficiency changes.
In terms of control variables, the impact of innovation on changes in ecological efficiency is also reflected in the government's support for innovation in the region. Therefore, the science and technology expenditure in government fiscal expenditure is selected as the proxy variable, Gov, for government-supported innovation. The level of regional innovation is not only affected by the level of innovation in other parts of the country, but also by the level of innovation abroad. Therefore, FDI in each region is selected to characterize the foreign influence of the region [79] . The activity of the innovation market also affects the level of local innovation. This study selects the market turnover of technology to characterize this effect. The data of the control variables are from the China Statistical Yearbook, and the control variables and explanatory variables other than L.y are processed logarithmically. The ecological efficiency change impact model constructed in this study can be expressed as: 
In Formula (16) , C is a constant term, and μi, ηi, and εit represent individual effects, time effects, and random interference terms, respectively. Since the ecological efficiency change L.y of the lag phase is used as an explanatory variable, the use of OLS estimation in the regression analysis will lead to endogenous problems. At the same time, in view of the fact that the research data covers many regions and over a short time period, this study uses the GMM, which includes differenced-GMM and sys-GMM. The sys-GMM model proposed by Arellano & Bover [80] , Blundell & Bond [81] , and Bond [82] not only solves the problem of the lag time of the interpreted variable by introducing the tool variable, but also has a smaller deviation than the differential GMM for small samples [83] . Therefore, this study takes the ecological efficiency change L.y of the lag phase as the instrumental variable and conducts empirical research through the sys-GMM model.
Analysis of regression results
In order to compare the rationality of the sys-GMM model, this study also performs OLS regression, fixed effect regression (FE), and random effect regression (RE) on Formula (16) after the flattening of the economic data. The results are shown in Table 3 . The correlation coefficient of AR(1) is significant at the level of 1%, while the correlation coefficient of AR(2) is not significant, indicating that there is a first-order autocorrelation for the difference of random disturbance terms. However, there is no second-order autocorrelation, so it accepts the original assumption that there is no autocorrelation in random interference terms, εit, which is the main premise behind the sys-GMM. Due to the small sample size of this study, the Hansen test is used for the over-identification of instrumental variables. The P-value cannot reject the null hypothesis that "all instrumental variables are valid," indicating that the model is set properly, and there is no over-identification of instrumental variable selection. In sys-GMM, the first-order lag coefficient of the interpreted variable, L.y, is 0.9199, which is between the fixed effect (0.5375) and the mixed OLS (0.9204), indicating that the GMM method is reasonable and robust, and the parameter estimation is true and effective. Under comprehensive judgment, the use of sys-GMM estimates is reasonable and can better reflect the impact of collaborative innovation on ecological efficiency. Hansen Test 0.971
Note: AR(1) and AR(2) are the coefficient of the first-order autocorrelation and second-order autocorrelation of random interference terms, respectively. Hansen test is the P value of the instrument variable over-identification test.
The coefficient of the first-order lag term of the interpreted variable, L.y, is 0.9199, and is significant at the 1% significance level, indicating that the ecological efficiency of the previous period has promoted that of the current period. In addition, the absolute value of the coefficient is relatively large, indicating an obvious effect on ecological efficiency. Ecological efficiency involves the rational allocation of human resources, the intensive use of natural resources, and the rational structure of capital. The use patterns and matching levels of human resources, capital, and natural resources of the previous period inevitably affect the current level of ecological efficiency, indicating that the estimated results are consistent with reality.
The coefficient of technological capital flow and its squared terms of collaborative innovation are 2.0928 and -0.3779, respectively, and both are significant at the 1% level, indicating that the flow of scientific capital has an inverted "U" relationship with ecological efficiency. This phenomenon occurs because under the current economic base level in China, regions are more willing to absorb green technology capital from other regions, which has improved local ecological efficiency. However, with the continuous accumulation of green technology capital, the characteristics of capital profit-seeking have been further enhanced, resulting in a decline in regional ecological efficiency. The coefficient of human resources' flow and its squared term of collaborative innovation are -3.0473 and 0.0553, respectively, and both are significant at the 1% level.
Contrary to the flow of technological capital, the flow of scientific and technological human resources has a positive "U" relationship with ecological efficiency. Although at the macro level, the region is more interested in attracting green technology innovation, for technology innovation practitioners, higher personal economic output means higher income levels, and green technology is relatively less important. Only when the human resources of scientific and technological innovation have been accumulated to a high degree, will they be able to effectively promote the improvement of ecological efficiency. The different impacts of capital and human resources of scientific and technological innovations on eco-efficiency also reflect the impacts of the larger GDP aggregates in various regions of China and the lower per capita GDP on the ecological environment.
In terms of control variables, the impact coefficient of science and technology expenditure in government public expenditure is 0.0472, and it is significant at the 1% level, indicating that the government's science and technology expenditure has a positive effect on local ecological efficiency, but the degree of promotion is low. This is because the government has the dual tasks of developing the economy and protecting the ecology. The government must ensure that scientific and technological innovation can promote economic development and also support the development of green science and technology innovation to a certain degree. However, the lower impact coefficient reflects that the green technology innovation supported by the government needs to be improved.
The influence coefficient of FDI on ecological efficiency in China is -0.0186, and it is significant at the 5% level, indicating that FDI has a small, but negative impact on ecological efficiency improvement. The technological innovation factors in FDI also adhere to the characteristics of capital profit-seeking. Although there will be some foreign green technology innovation spillovers, the spillover of non-green technology innovations dominates and inhibits the improvement of eco-efficiency. The coefficient of activity in the market for technological innovation is 0.0026, but this effect is not significant. The activities of the science and technology innovation market not only includes the activities of green technology innovation, but also the activities of non-green technology innovation. The structures formed by these two types of technology innovation are difficult to change in the short term, so there is no significant impact, positive or negative, on the overall improvement of ecological efficiency.
Conclusion and Recommendations
With the continuous deterioration of the environment and the tightening of resource constraints, the improvement of ecological efficiency is of great significance to the coordinated development of economy and ecology in various regions of China. Taking capital, human resources, and natural resources as inputs, this study uses regional GDP as the expected output and industrial waste, waste gas, and waste water as undesired outputs, and measures the ecological efficiency of various regions in China through the Global-Malmquist model. The ecological efficiency of the various regions shows an evolutionary trend of an initial rapid decline followed by a slow improvement in the time dimension. There is no obvious correlation feature in space, which is verified by spatial autocorrelation. The study also finds that the capital and human resources of technological innovation have obvious spatial correlation characteristics and includes empirical research on the impact of collaborative innovation on ecological efficiency.
In view of the particularity of the flow of scientific and technological innovation, this study first selects the comprehensive distance (geographical distance, technical distance, and economic distance) and quantifies the attraction of science and technology innovation capital and human resources in various regions of China through the gravity model. Then, the eco-efficiency is used as the explanatory variable, and the attractiveness of the scientific and technological innovation human resources and capital and their squared terms are used as explanatory variables, while the explanatory variables also include first-order lag terms of ecological efficiency. Taking the scientific and technological expenditures of government public spending, FDI, and technology market turnover as control variables, the sys-GMM estimation method is used to empirically analyze the impact of collaborative innovation on regional ecological efficiency. The results show that the flow of scientific and technological capital has a "U"-type relationship, while the flow of scientific human resources has a positive "U" relationship with ecological efficiency. At the same time, the ecological efficiency of the previous period has a positive impact on the current ecological efficiency. In addition, the government's public spending on science and technology has a small positive effect on the eco-efficiency, while FDI has the opposite effect. The activity of the technology market has no significant impact on eco-efficiency. Based on the above research conclusions, this study proposes some policy recommendations for decision makers.
Technological innovation has a greater promotion effect on ecological efficiency improvement before reaching the inflection point of the inverted U-shaped curve. Therefore, for regions with low technological innovation capital, it can serve as an important means to improve ecological efficiency, and it is important to effectively screen for and attract scientific and technological innovation capital. For regions with already higher levels technological innovation capital, it has less impact than other methods on the environment. These regions should also increase the attractiveness of science and technology innovation capital, but their main focus should be on the continuous improvement of the threshold for green technology innovation in order to ensure the coordinated development of the region's economy and ecology. Although, it must be noted that the profit-seeking nature of science and technology innovation capital is inevitable and is likely to act as an inhibitor to improvements in ecological efficiency.
The human resources of technological innovation have a diametrically opposite change with technology innovation capital. A small amount of innovative human resources that attracts other regions could lead to fierce competition between locations for innovative resources and have a negative impact on ecological efficiency. However, after the level of human resources reaches the inflection point, it will have a positive effect on the improvement of eco-efficiency. Therefore, all regions should relax their talent introduction policies and encourage the introduction of human resources for scientific and technological innovation and reach the level of the inflection point as soon as possible.
Regarding the government's science and technology expenditure, although it has a promoting effect on ecological efficiency, the effect is relatively small. Some governments with better economic bases should appropriately increase the proportion of science and technology spending in public expenditures, and rationally adjust the structure of such spending, so that government-led technological innovation can play a more important role in the improvement of ecological efficiency and form the policy orientation that encourages the development of green technology innovation. For FDI, China has not completely shaken off the ecological and environmental impacts caused by the lower-end activities of the global value chain, and the country remains the best choice for developed countries seeking to transfer their low-end industries. However, with the improvement of scientific and technological innovation, China should formulate corresponding laws and regulations to ensure that the environmental damage caused by the introduction of foreign technological innovation is within a controllable range. Regions with better scientific and technological innovations should be selective in their screening of foreign science and technology, and reject certain technological innovations causing a greater degree of environmental damage. Regions with poorer scientific and technological innovation should make decisions on how to deal with the introduction of foreign non-green technology innovations and seek to minimize the damage to the ecological environment.
